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SUMMARY 

We often use “IF-THEN” statements in automation. For 
example, “IF the discharge receiver is full, THEN switch to 
the next tank.” Or, “IF the flow rate is in the 300-500 kg/h 
range, THEN use 5%/kg/h for the controller gain.” Or, “IF 
the temperature is near the safety limit, THEN switch to the 
auxiliary controller.” However, such logical moves abruptly 
switch from one condition to another. Smooth transitions are 
desirable. For example, in stopping a car, we progressively 
increase breaking force and then progressively lighten up 
when approaching the stop point. We do not instantly switch 
breaks to full-on and then full-off. Fuzzy logic (FF) permits 
the automation of smooth transitions. 

FF also permits the automation of qualitative reasoning, 
such as decisions that an experienced operator would imple- 
ment, which can be described as active human control guided 
by qualitative assessment. For instance, an automobile opera- 
tor may look at the car speedometer and think the speed is a 
bit slow, and press on the accelerator pedal a bit harder. The 
human operator is an effective controller, but does not quan- 
titatively measure or calculate or output exact numerical val- 
ues. FF can implement human qualitative assessment, such as 
“a bit slow” or “a bit harder.” These are the terms humans use 
to give instruction to each other, and which are fully imple- 
mentable by the listener. These are legitimate control terms. 

Although a practicable tool, the name, FF may be the big- 
gest barrier to its acceptance. FL is not faulty thinking, illogi- 
cal conclusions, risky decisions, or reckless action grounded 
in lack of process understanding. But, to a business manager 
concerned about safety, and also wary of any novelty imple- 
mented by an engineer, the term fuzzy logic often generates 
discomfort. In actuality, FF is grounded in the best human 
understanding of a process, including safety, and permits an 
ever-watchful computer to take continuous control action as 
a best operator would — but at best intermittently. Further, 
terms in FL, such as “universe of discourse,” and “centroid 


method of defuzzification,” mask understanding, which is a 
second implementation barrier. 

Fuzzy logic control (FLC) has proven successful in con- 
trol and decision related to chemical processes, robotics, 
electronic devices, optimization procedures, home appli- 
ances, credit approval, cement kiln control, antilock break- 
ing, and many other applications, and it offers many benefits 
within the chemical process industry where human judg- 
ment can be routinized. See the references for a sampling of 
applications [1-8]. Most of the control system vendors offer 
a FLC product. The author has personally contributed to 
implementation of FLC on commercial and lab-scale in-line 
pH control, correction of weekly plant mass flow measure- 
ments from plant-wide material balances, balancing feed to 
eight parallel full-scale reactors to maximize yield account- 
ing for catalytic reactor temperature observation, adjusting 
lab-scale dynamic process model coefficients in real-time, 
guiding optimization, pilot-scale heat exchanger temperature 
control, and lab-scale control of perceived flow regime. This 
chapter presents the basic concepts, terminology, and the rel- 
atively simple mathematics of FL and FLC in the hope that 
the reader will be able to determine when and how to use FL 
for process analysis and FLC for automation. 

BACKGROUND 

The engineering and scientific mind-set has been pro- 
grammed to value precise numerical values and crisp logic. 
However, the same scientists and engineers make personal 
life-important decisions, every minute, with qualitative per- 
ceptions and decision analysis. Examples include the follow- 
ing: When should I leave here to arrive there on time? How 
should I act when the employee comes in late again? When 
does the house need repainting? 

Although FL is a more realistic representation of the 
human view of the world than crisp logic, we have been 
trained to think that Venn diagrams and associated crisp 
logic are the right way of describing the universe. Although 
Venn diagram representation is useful for analysis of the 
validity of verbal statements, crisp logic devices represent 
idealized constructs that simplify analysis, but do not rep- 
resent the real world. We are also accustomed to using crisp 
logic in IF-THEN-ELSE conditional statements in computer 
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programming. To understand and utilize FL, one must accept 
two concepts. One is the utility of qualitative assessment and 
decision, and the second is the pretence of crisp logic. 

First, here is a brief discussion showing the utility and 
effectiveness of qualitative analysis and decisions. Flumans 
are effective in making life-critical decisions, which include 
the following: When is it safe to cross the street? When do 
we freeze the design and start building? Where do I throw the 
ball to connect with the receiver? What clothes do I choose 
when it is very cold outside? These decisions use neither 
quantitative numerical precise values about measurements, 
nor a computer algorithm to calculate control actions. For the 
decision related to crossing the street, input data for a precise 
engineering analysis might be as follows: The oncoming car 
is 84.19 m away and traveling at 41.07 km/h and the road is 
13.32 m wide. And, the calculated control action might be 
walk at 0.934 m/s. In contrast to the engineering analysis 
from precise data, in nearly every aspect of our daily deci- 
sion making, we act on qualitative understanding. 

As another example of the adequacy of human reasoning, 
one might observe that the outdoor temperature is very cold, 
but the wind is calm, and the sun is shining, and the activity 
plan for the day does not include much outdoor time; and 
conclude, “Wear a light jacket.” The linguistic terms “very 
cold,” “calm,” “shining,” “much” are fully adequate descrip- 
tors of the variables to make an appropriate decision; the set 
of variables “temperature,” “wind speed,” “sun intensity,” 
and “time duration” are the complete set needed to make a 
decision — “light jacket.” 

We also effectively communicate between each other 
with such imprecise linguistic descriptions: I had a “good” 
day. My retirement portfolio made a “large” gain. We can 
write instructions to each other that are understood and fol- 
lowed: When lifting “heavy” objects, “lift” with your legs. 
Broil until “browned.” Whip until “firm.” 

FL is a system for mathematical manipulation of such 
qualitative linguistic concepts. When one accepts that quali- 
tative perceptions and assessments are a valid and sufficient 
basis for good decisions, one is accepting FL. 

Second, the pretence associated with precise quantifica- 
tion and calculations needs to be recognized. Yes, we want 
our chemical processes and automation decisions to be pre- 
cise, accurate, exact, and scientifically grounded. Our enter- 
prise success, our safety record, our employment, and our 
welfare depend on it. 

But, what data is precise? Is it pH, with a noise of about 
0.1 pH units, and daily drift that could add a bias of about 
0.2 pH units? Is it orifice-measured flow rate that could have 
a 2%-5% noise amplitude related to fluid turbulence, and 
5%-10% bias related the calibration and the square root 
assumption? All measurement devices are originally selected 
for adequate accuracy, and then are calibrated to be good 
enough. Does temperature measurement at one location 
indicate either the instantaneous process temperature at that 
point or the internal temperature distribution? When separate 
individuals tune a controller, for a perceived good enough 


performance using individually preferred tuning techniques, 
do they get the exact same values for gain, integral time, and 
derivative time? When we use process models for design or 
analysis, are they perfect? Or were they simplified and lin- 
earized to balance utility of use with adequacy of representa- 
tion? Are model coefficients known with no uncertainty? 

The reality is that we let the control computers use uncer- 
tain numerical values, imprecise equation coefficient values, 
and approximate models to perform the automation deci- 
sions. In this view, they use wrong equations and wrong and 
noise-confounded data to take control action. Accepting this 
reality about precision removes a barrier to accepting FL. 

FL was introduced by Zadeh [9] in 1965. 


FL CONCEPTS 

Rather than using a particular technical process or device to 
explain the concepts, I will use aspects from common experi- 
ence, and from a static situation, to introduce the FL concept. 
I find that this facilitates understanding, then it is easier to 
translate to particular technical examples and dynamic rules 
for control. 

Some definitions are important: Process variables are those 
that describe the process situation or state. For process control, 
these would be measurements (e.g., temperature, pressure, flow 
rate) or state or quality estimates from measurements (e.g., com- 
position, molecular weight variance). In the example analysis 
of the outdoor weather to determine what to wear, these were 
the variables “temperature,” “wind speed,” “sun intensity,” and 
“time duration.” From the controller perspective, the process 
variables are the input variables for the control algorithm. 

Conventionally, the term linguistic variable is used to 
mean the categories chosen to describe the process variables. 
Above, these were the adjectives and superlatives “very 
cold,” “calm,” “shining,” “much.” However here, the adjec- 
tives describing process variables will be called linguistic 
categories to prevent confusion that arises with the dual use 
of the term variable. 

Membership in Linguistic Categories 

This discussion will start with the familiar way to categorize 
items. Venn diagrams are an idealization that represents the 
universe of all objects as a rectangle with a circle that encloses 
the set of all objects in a particular category (Figure 14.1). 



FIG. 14.1 

A Venn diagram. 
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This diagram might represent the universe of all auto- 
mobiles, and the circle may enclose all pick-up trucks. How 
does one define “truck-ness,” the attribute that would place 
an automobile within the circle? If it is a load-utility defini- 
tion (based on the weight it can haul), then an eight-cylinder, 
king-cab, trailer-towing monster may make it inside the cir- 
cle. But, a four-cylinder, two-passenger pick-up truck that can 
barely carry a bed-load up a mild hill at 80 km/h might only 
be considered half-a-truck. Is the half-a-truck in or out of the 
circle? It may only half belong to the ideal concept associated 
with the category. 

Consider an alternate definition of the “truck-ness” attri- 
bute, based on time utility, the fraction of time that it can pro- 
vide truck benefit. If the eight-cylinder monster has broken 
head lights, then it can only be used during daylight. If it is 
useful only 75% of the desired time, then its “belongingness” 
to the truck category may be 75%. 

Consider another application of the Venn diagram that 
segregates apples from the universe of objects. Then take one 
bite from the apple. Is it still an apple? Or, is it totally not an 
apple? Take more bites, until it becomes an apple core, which 
is not an apple. At what bite did it move from the is-apple cat- 
egory to not-apple category? The idealization of either being 
in the circle or out of the circle is fundamentally incorrect. At 
every bite, there is belongingness to the linguistic category of 
apple, and the belongingness fades from unity to zero with 
each bite. 

FL starts with a new definition of belongingness, illus- 
trated in Figure 14.2 as the classification of outdoor tempera- 
ture within the linguistic category of “hot.” 

The horizontal axis of Figure 14.2 presents a range of 
outdoor temperatures, and the vertical axis the belonging- 
ness of that temperature to the linguistic category “hot,” an 
uncomfortable temperature. The curve represents my inter- 
pretation of whether a particular outdoor temperature is hot, 
or not. I think any value above 35°C (95°F) is uncomfortably 
hot, and any value below 24°C (75°F) is not uncomfortably 
hot. However, in between, it could be some of either. For 
instance, resting in a hammock, in the shade at 30°C (85°F) 
might be comfortable; but working in the garden in the sun at 
30°C (85°F) might be uncomfortably hot. 


The variable represented on the horizontal axis in Figure 
14.2 is outside temperature, this is termed the process vari- 
able. The linguistic category, hot, is the human description 
of the level of the variable. The belongingness of the process 
variable to the linguistic category is represented on the verti- 
cal axis on a 0-1 basis. And the membership function is the 
“curve” on the figure that maps process variable to belonging- 
ness. The simple membership function “curve” is composed 
of three straight lines with break points at the process variable 
values of 24°C (75°F) and 35°C (95°F), which I defined as 
definitely in and definitely out of the linguistic category “hot.” 
This curve seems to generally agree with my audiences 
at the 36th North latitude. When I ask how many think 27°C 
(80°F) is hot, about 25% raise their hands. About 75% raise 
their hands when asked is 32°C (90°F) hot. But, it seems 
very likely that those from hotter or colder climates would 
shift the curve to the left or right. The break points on the 
membership function reflect human opinion, and could be 
determined by any criterion that is relevant to the application. 
Here are some approaches to determining break points: 

• The fraction of people in agreement 

• Opinion of one person 

• Probability of acceptance, or undetection 

• The boss’ opinion 

• Fraction of capacity 

• Fraction of sufficiency, function, or utility 

The people who are handling the situation that you are con- 
sidering for a FL implementation have already thought about 
the right way to categorize the process variable into linguistic 
categories. They can state the break points. 

Membership functions have numerical values, as illus- 
trated in Figure 14.2, which can easily be calculated from the 
following equation set: 


BhotO) = 0, x < 24°C 

■ p H0T (x) = (a '~ 24) 24°C < x < 35°C • 

(35-24) 

M-hotW = 1> x > 35°C 


( 14 . 1 ) 



FIG. 14.2 

Outdoor temperature membership in the linguistic category of hot. 


Outdoor temperature can be labeled by other linguistic cat- 
egories, and Figure 14.3 represents the use of three — Cold, 
Nice, and Hot. And, Equation Sets (14.2) and (14.3) show 
how to calculate membership function values: 


M-niceW — 


M-niceW — 0, 

(x-10) 
(18-10) ’ 
M-niceW = 1- 

(A- -24) 


BniceM — 1 — 


(35-24) 


M-niceW — 0, 


x < 10°C 
10°C < x < 18°C 
18°C < x < 24°C ■ 
24°C < x < 35°C 
x > 35°C 


( 14 . 2 ) 
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FIG. 14.3 

Three membership functions for outdoor temperature. 



FIG. 14.4 

Membership function values for wind speed. 


BcoldM — U 

, , , (*-10) 
HcoldW (18 _ 10) ’ 

BcOLdM = 0> 


X < 10°C 

10°C < x < 18°C • 
x > 18°C 


( 14 . 3 ) 


There are several notable features in the figure. The member- 
ship function for the linguistic category “Nice” has four break 
points, a trapezoidal central shape with feet that extend to 
either extreme. In this illustration, as is commonly practiced, 
each membership function has a range of 0-1, and has some 
overlap with the membership function of its adjacent linguis- 
tic categories. And, the break points are common to adjacent 
membership functions. For example, a temperature of 32°C 
(89°F) has about 0.4 belongingness to the linguistic category 
“nice,” 0.6 to “hot,” and 0.0 to “cold.” Belongingness is a 
term used to interpret the meaning of the membership func- 
tion value, A value of zero indicates that the process variable 
is definitely not in that linguistic category. A value of unity 
indicates that it is perfectly, exclusively, in that linguistic cat- 
egory. In between, values indicate the extent it belongs to that 
linguistic category. 

Because of the linear transition between break points and 
the common break point locations, at any process variable 
value, the sum of all membership function values is unity. 

Outdoor temperature is one process variable that is used 
to determine what clothes to wear. This introduction to FL 
concepts will end with control action — choice of cloth- 
ing. However, wind speed is another process variable that 
influences choice of clothing; so, it needs to be assessed. 
Figure 14.4 presents membership functions for three linguis- 
tic categories for wind speed, “calm,” “breezy,” and “windy,” 
and Equation Sets (14.4) through (14.6) show the mathe- 
matical relations. Notable features are that the membership 
functions do not have to be symmetric, and that the middle 
one can be triangular, not trapezoidal. The graph illustrates 
that a wind speed of 7 km/h has a 0.1 belongingness to the 
linguistic category “windy” a 0.9 belongingness to “breezy,” 
and a 0.0 belongingness to “calm.” Again, because of the lin- 
ear transition between break points and the common break 


point locations, at any process variable value, the sum of all 
membership function values is unity: 


M-calmW — Ij 

, (*- 2 ) 
BcALmW 1 (5_9)’ 

BcalmM = 0, 


x < 2 km/h 

2 km/h < x < 5 km/h > 
x > 5 km/h 


( 14 . 4 ) 


BniceM — 0. 


HniceW 


(*~ 2 ) 

(5-2)’ 


BniceM — 1 


(*-5) 

(20-5)’ 


BnICeM 0, 


x <2 km/h 


2 km/h < x < 5 km/h 
5 km/h < x < 20 km/h 


( 14 . 5 ) 


x > 20 km/h 


B WINDY (•*) — 0, 

(x~5) 
(20-5)’ 
B windy)-*) = 1> 


B WINDY (*) — 


x < 20 km/h 
5 km/h < x < 20 km/h > 
x > 20 km/h 


( 14 . 6 ) 


Fuzzification is the procedure for converting process vari- 
ables into membership values for the several linguistic 
categories. 

The set of all linguistic categories for a process variable 
constitutes the universe of discourse, the complete set of 
descriptions needed to discuss the process variable. In these 
examples, each process variable only had three linguistic 
categories. One could extend the temperature descriptions to 
“very cold” and “frigid,” or to any number of intermediate 
categories. If there are many distinct linguistic categories in 
common use by the people that are analyzing and deciding 
about a process, this indicates that the categories are individ- 
ually important, and should be included in a fuzzy descrip- 
tion. However, only those descriptions that have distinctly 
different implications for the human analysis should be used. 
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For example, old navigation used perhaps, 16 points of the 
compass, described with words like S-by-WSW, instead 
of 242.84 degrees of arc, because the position of magnetic 
north, sextant location of the ship, and ability of the pilot to 
hold course made finer specification superfluous. The uni- 
verse of discourse should constitute the necessary, but suf- 
ficient, set of linguistic categories. 

Each of these examples used membership functions with 
linear transitions, triangular and trapezoidal. These have a 
nonfuzzy character of terminating membership in a linguistic 
category at distinct point. The break points absolutely declare 
when one category begins and ends. However, this use of 
crisp logic with in a fuzzy analysis seems to be contradictory, 
and there are several approaches to fuzzify the fuzzy catego- 
ries. In Type-2 FL, the break points are fuzzy. Alternately, 
some people use the curve radial basis function (alternately 
called the Gaussian, normal, or bell-shaped curve) to define 
membership functions, as illustrated in Figure 14.5. In this 
representation, membership decreases asymptotically to 
zero, but always permits some slight belongingness to every 
linguistic category. 

Equation 14.7 expresses the radial basis membership 
function. It has the same functional form as a Gaussian distri- 
bution; however, the radial basis function is scaled to go from 
0 to 1, while the Gaussian (bell-shaped, normal) distribution 
is scaled so that its integral from- to + infinity is unity: 

| i(x) = e- (( *- c)/w)2 ( 14 . 7 ) 

Notice (Figure 14.5) that centers for the radial basis member- 
ship functions do not need to be evenly spaced, nor do the 
functions need to have the same width. 

There are two parameters that define the radial basis 
function, the centre, c, and the width, w. This two-parameter 
model provides a computational and overhead advantage over 
the three or four values needed to define the break points 
that define the triangular and trapezoidal membership func- 
tions. However, this may be a disadvantage when interview- 
ing humans as to where some category fades and another 
starts. It is usually easier for humans to structure triangular 
membership functions, and there is no loss of control utility. 



The advantage of radial basis membership functions is 
related to computer automation of structuring the “linguistic 
categories,” which may lack human linguistic relevance. 

Also, notice that at any particular value of the process 
variable, the sum of radial basis membership function values 
is not unity. This will have meaning in the calculation of con- 
trol action in the next section. 

Nearly all commercially used products use Type-1 FF 
with the linear membership functions and definite break 
points. In the author’s opinion, Type-1 FF is fully adequate 
and provides the right balance of sufficiency to perfection in 
process automation. 

FL Control 

Control is the process of deciding and implementing action, 
and it does not have to mean regulatory feedback algorithms. 
Here are some rules that we might use as control action, as 
making a decision about what to wear: 

If it is cold and breezy, then wear long pants, sweater, 
and jacket. 

If it is nice and calm, then wear short-sleaved shirt and 
light-weight pants. 

If it is cold and windy, then wear long pants of heavy 
material, sweater, coat, hat, and gloves. 

Very generally, the rule structure is as follows: 

IF ( antecedent situation) THEN (control action) 

And more specifically: 

IF ( Temperature is category AND Wind is category) 
THEN (Wear N items) 

Since there are three linguistic categories for each of two 
process variables in the example for Figures 14.3 and 14.4, 
there would be 3 2 = 9 rules. Note that the rules are stated for 
the perfect or ultimate linguistic categories, but that most 
actual conditions will result in some validity to two adjacent 
temperature and two adjacent wind categories, making four 
of the nine rules valid. Table 14.1 summarizes the nine rules. 

To break this discussion for a connection to process auto- 
mation, realize that the rules are in the form that are used in 
control action. Here, one rule is of the form 

IF (Outdoor Temperature is in Category “Cold," and 
Wind Speed is in Category “Breezy”) 

THEN (the appropriate action is: Wear 7 items of clothes.) 


TABLE 14.1 


Matrix of What to Wear 


Windy 

Nine items 

Six items 

Four items 

Breezy 

Seven items 

Five items 

Three items 

Calm 

Six items 

Five items 

Three items 


Cold 

Nice 

Hot 


FIG. 14.5 

Radial-basis membership functions. 
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This can be generalized to 

IF (PV1 is in Category “A,” and PV2 is in Category “Q,” 
and PV3 is in Category “X, ” ...) THEN ( the appropriate 
control action is numerical value of for the MV) 

For a heat exchanger this might be specifically as follows: 

IF ( Temperature actuating error positive-low, and Rate 
of Change is negative-large) THEN (incrementally 
adjust the controller output by + 0.5%) 

The IF part of such rules is termed the antecedent, and 
the THEN part is the consequent. 

Table 14.2 returns the discussion to the weather and cloth- 
ing decision, using a temperature of 32°C (89°F) and a wind 
speed of 7 km/h. At these conditions. Figure 14.3 and associ- 
ated equations shows that the temperature membership values 
are 0, 0.6, and 0.4. This is an in-between classification from 
“nice” to “hot,” mostly “nice.” Perhaps, by using the practice of 
reading direction on a compass, the temperature could be stated 
as “nice” by “hot-nice.” The temperature has a 0.6 belonging- 
ness to the “nice” category, which indicates a 0.6 belongingness 
to the central column. Temperature has a 0.4 belongingness to 
the category “hot” and to the right-hand column, and a 0.0 
belongingness to the category “cold” and to the left-hand col- 
umn. Similarly, Figure 14.4 and associated equations show 
that the wind speed of 7 km/h has a 0.0 belongingness to the 
calm category and the lower row of Table 14.2. It also has a 0.9 
belongingness to the breezy category and the middle row, and 
a 0.1 belongingness to the windy category and its upper row. 

There are two common methods to choose the belong- 
ingness to each cell in Table 14.2 matrix. For the first, con- 
sider belongingness as a probability or likelihood, then the 
probability that the condition is in one particular cell is the 
probability that it is in the row of the cell and in the column 


of the cell. (Although useful, the likelihood analogy is weak. 
Membership in a linguistic category is not a probability in 
the classic statistical sense.) But, with the likelihood view- 
point, products of row-column belongingness values repre- 
sent the truth that a process variable set is in a particular cell. 
These values are indicated in Table 14.3. 

Conveniently, the sum of all of the truth values is unity 
because (1) the membership functions are linear, (2) adjacent 
membership functions share break points, and (3) the row- 
column membership product is used for the rule truth. This 
is easily shown in the following equations. First, the sum of 
the membership functions for any process variable is equal 
to unity. In Equations 14.8 and 14.9, T and W represent tem- 
perature and wind speed, and i and j represent the linguistic 
categories for each: 




( 14 . 8 ) 


5^010 = 1 

( 14 . 9 ) 

The product of the 

sums is, therefore, unity: 


E^ (r) ]E^ (w) ] =ii=i 

( 14 . 10 ) 


Expanding the summation into individual terms 

[p 1 (7’)+lt 2 (7’)+ll 3 (r) + ---]-[p 1 (W)+p 2 (lT)+|l 3 (lT)+---] = l 

( 14 . 11 ) 

and arranging them in a table format provides the one-to-one 
term correspondence to the truth calculation in each table 
cell: 


TABLE 14.2 


Matrix of Clothing Rules Showing Membership Values 


Windy, (i w (7km/h)=0.1 

Nine items 

Six items 

Four items 

Breezy, g B (7 km/h) = 0.9 

Seven items 

Five items 

Three items 

Calm, |0. c (7 km/h) = 0 

Six items 

Five items 

Three items 


Cold, g c (32°C) = 0 

Nice, g N (32°C) =0.6 

Hot, (i w (32°C) = 0.4 


TABLE 14.3 

Matrix of Dress Rules Showing Rule Truth 


Windy, |i w (7 km/h ) = 0. 1 

Nine items 
Truth = 0. 1 x 0 = 0 

Six items 

Truth = 0.1x0.6 = 0.06 

Four items 

Truth = 0.1x0.4 = 0.04 

Breezy, ji b (7 km/h) = 0.9 

Seven items 
Truth = 0.9 x 0 = 0 

Five items 

Truth = 0.9x0.6=0.54 

Three items 

Truth = 0.9x0.4=0.36 

Calm, |i c (7 km/h) = 0 

Six items 
Truth = 0x0 = 0 

Five items 
Truth = 0x 0.6=0 

Three items 
Truth = 0x 0.4=0 


Cold, p c (32°C)=0 

Nice, p N (32°C) = 0.6 

Hot, g w (32°C) = 0.4 
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HiOOm W + 112(7> 1 (W) + 11 3 (7’)(I 1 (W) + • • • +|i 1 (r)(i 2 (W) 
+ |i 2 (7> 2 (W) + |I 3 (r)ii 2 ( wy + • • • + in (r)p 3 ( W) 
+ii 2 (r)(i 3 (W) +|i 3 (r)|i 3 ov) +•••+••• = 1 (14.12) 


The truth of a rule is the weight or importance given to that 
rule, and the blended control action is the truth-weighted sum 
of all rules, as described in Equation 14.13 and illustrated for 
this example in Equation 14.14. Here T k represents the truth 
of the A'th rule, and A k represents the action to be taken if the 
A'th rule was perfectly true: 

Action = T k A k (14.13) 

All Rules 


Action = 0-9 + 0.06 -6 + .04-4 + 0-7 + 0.54- 5 + 0.36- 3 + 0-6 
+ 0- 5 + 0-3 = 4.3 items (14.14) 


The calculated action “Wear 4.3 items” is the control action. 
If this was a controller output command to a valve, “Open 
4.3% more,” then the decimal part is acceptable. However, 
because the answer in this clothing example can only be 
an integer, credibility of the answer could be questioned. 
However, reconsider implementable control action of a 12-bit 
computer (with a calculational discrimination of 0.024% of 
full scale) transmitting a signal to an 8-bit transducer, which 
can only implement in increments of 0.39% of full scale). 
The transducer truncates the control action. 

Equation 14.13, and its example in Equation 14.14, con- 
verts the qualitative rules and qualitative characterization of 
the process variables into a definitive implementable value. 
This is the process of de-fuzzification. In this example, 

IF (The temperature is 32°C (89°F) and wind speed is 
7 km/h) THEN (Wear 4 items of clothing). 

The other common convention to assess the truth of a 
rule is to use the minimum of the row-column membership 
values as the truth for the cell. This is stated in the following 
equation and illustrated in Table 14.4 for the example: 

T(x, y) = min[|i(x),|d(v)] (14.15) 


In this case, the sum of all of the truths is equal to 1.2, not 
unity. In general, calculating truth from the minimum rule 
results in a nonunity sum of all truths. Weighting the control 
action by truths with a nonunity sum will distort the blended 
action, so the weighting uses the individual truths normalized 
by the sum of all truths, as shown in the following equation: 


Action = 


X, 


X, 


T k At 


(14.16) 


This can be geometrically related to calculating the centroid 
of a geometric representation of the rules, and is often called 
the centroid method of defuzzification. 

Using the minimum of row-column values to determine 
rule truth, the control action is “Wear 4.333 items,” which is 
functionally equivalent to the product method of determining 
rule truth. 

When radial basis functions are used, truth is normally 
computed as the minimum of the row and column member- 
ship function values for the cell. But, whether the minimum 
or the product calculation is used in a radial basis membership 
function, it is likely that the sum of all truths in the matrix will 
not sum to unity, because the membership values do not sum 
to unity. Accordingly, whether using the product or minimum 
rule to determine truth for a rule, Equation 14.16 needs to be 
used to calculate a weighted and normalized control action. 

The extension to analysis and control of higher dimension 
situations is straightforward. For example, relative humid- 
ity could be included as a third consideration in making the 
choice of what to wear. This would place three process vari- 
ables in the antecedent making it of dimension three. For a 
3D antecedent, the rule matrix would be a rectangular vol- 
ume. If sun intensity and time duration are also considered in 
the decision process, the antecedent would have five dimen- 
sions. The extension to higher-order antecedents is easily per- 
formed in programming, but is not amenable to visualization. 


FL EXAMPLES FOR AUTOMATION 

Two examples are presented for process control. The first is 
a standard FLC version of a gain-scheduled PI control. The 


TABLE 14.4 

Truth Calculated as the Minimum 


Windy, g w (7 km/h) = 0.1 

Nine items 

Truth = min(0. 1 , 0) = 0 

Six items 

Truth = min(0. 1 , 0.6) = 0. 1 

Four items 

Truth = min(0. 1 , 0.4) = 0.1 

Breezy, p B (7km/h)=0.9 

Seven items 

Truth = min(0.9, 0) = 0 

Five items 

Truth = min(0.9, 0.6) = 0.6 

Three items 

Truth = min(0.9, 0.4) = 0.4 

Calm, |i c (7 km/h) = 0 

Six items 

Truth = min(0, 0) = 0 

Five items 

Truth =min(0, 0.6) = 0 

Three items 

Truth = min(0, 0.4) = 0 


Cold. p c (32°C) = 0 

Nice, p N (32°C) = 0.6 

Hot, p w (32°C)=0.4 
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second applies a more complicated logic for in-line pH control. 
Subsequently, applications are discussed for adjusting model 
parameter values, and material-balancing weekly process data. 

FLC of a Heat Exchanger 

Consider a shell-and-tube heat exchanger in which steam 
is used to heat process fluid flowing inside the tubes. The 
steam condenses on the tubes, heating them. Then as the 
cold fluid flows through the hot tubes, it absorbs the heat and 
leaves at the desired temperature. There will be a valve on 
the entry steam line to increase or decrease the steam flow 
rate, and the controller will observe the exit temperature of 
the tube-side fluid to decide how much to open or close the 
steam valve. Consider that the valve actuator has a fail-closed 
characteristic, meaning that an increase in controller output 
is needed to open the valve. The controller will be a FLC 
version of a velocity-mode PI controller, meaning that the 
control calculation determines an incremental change in con- 
troller output at each sampling. Actuating error is the term 
for the temperature deviation from set point, and is defined as 
e = 7 S p-7p ROCKSS . It has the units of the temperature measure- 
ment (perhaps °C) and will range from negative values when 
^process * s hotter than the set point to positive values when 
^process i s cooler. A control rule might be as follows: 

IF (actuating error is positive large [meaning T PROCESS is 
too cold by a large amount]) THEN (make a positive 
large change in controller output [which incremen- 
tally opens the steam valve a large amount]). 

In the above rule, actuating error is the input variable for 
the control algorithm. There would be similar rules for each 
linguistic category of actuating error. Perhaps five categories 
would be negative large, negative small, zero-ish, positive 
small, and positive large. These terms are often abbrevi- 
ated as acronyms, which would be NL, NS, Z, PS, and PL. 
Note that “zero” is often used for “zero-ish,” but in FL terms 
“zero” as a linguistic category does not mean exactly zero. It 
means in the vicinity of zero. 

However, for control, such rules are incomplete because 
they do not account for past events that could continue to 
influence the future temperature trend. For instance, if the 
inlet fluid was cold, it may seem that more steam is required. 
But, if the product temperature is also getting warmer, and 
will continue to rise naturally, then less steam may be needed 
to keep future output remain at the set point. A more com- 
plete rule that looks at both actuating error and rate of change 
of actuating error might be as follows: 

IF (error is positive large AND rate of change of error 
is negative medium) THEN (make a positive small 
change in controller output). 

Now, both actuating error and rate of change of 
error have become antecedent variables. If there are five 


linguistic categories for error, and seven for rate of change 
(NL, NMedium, NS, Z, PS, PM, and PL), then the equiva- 
lent to Table 14.3 would have 5 x 7 = 35 cells, representing 35 
rules. The rules are a nonlinear representation of a velocity- 
mode Proportional-Integral controller. 

Although it might seem difficult to determine break points 
for the 5 + 7=12 linguistic categories, the operational staff 
will have a good feel for the values because they have already 
been using those concepts qualitatively. And, although it 
might seem difficult to describe 35 control actions, one for 
each rule, fill in a few, and the rest can be visually interpo- 
lated. As with tuning a PI controller, a range of combination 
of values for controller gain and integral time leads to fully 
adequate performance. 

Some product vendors have FLC features that assist with 
defining the break points and rules. 

FL can add even more intelligence to the controller. If the 
process flow rate is small, then smaller heat rates are needed, 
and smaller controller output changes are justified. If the pro- 
cess flow rate is large, then larger control action is needed. 
Adding such FL is like adding a ratio aspect to the control- 
ler. Further, a heat exchanger process is nonlinear — when 
the output temperature set point is high, near the steam tem- 
perature and also in the diminishing returns portion of the 
nearly fully open valve characteristic, then the process gain 
is low, and much larger valve changes are required to permit 
adequate steam flow rate changes. By contrast, if the set point 
temperature is low, then process gain is high, and small valve 
changes are needed. Adding such logic is like gain schedul- 
ing. As an advantage over PI control, operator knowledge of 
nonlinearity and safety issues can change controller aggres- 
siveness as appropriate for any particular situation. 

Joshi et al. [10] compare such a FLC (nonlinear PI, with 
ratio and gain scheduling) on a pilot-scale heat exchanger to 
other temperature controllers, including advanced classical 
(PID+ feedforward + cascade + gain scheduling), process- 
model-based, model-predictive, internal model, and neural-net- 
work-based controllers. Test events included set point changes 
and disturbances in fluid flow rate, and evaluation included 
both are controlled variable and manipulated variable perfor- 
mance, computational issues, operator training issues, and dif- 
ficulty of setting up the controllers. They reported that all of the 
control approaches that accounted for process nonlinearity and 
disturbances provided equivalent performance when observ- 
ing the controlled and manipulated variables. However, they 
noted that advanced classical control was generally simpler to 
implement, and it used algorithms familiar to the operators and 
engineers. They ranked FLC about equivalent to model-based 
techniques in that feedback control application. 

Most vendor products for process automation applications 
are structured for FLC to replace PI. Reported benefits are 
robustness to process measurement noise, and the improved CV 
performance related to strong control far from the set point and 
gentle control near to the set point. However, the automation 
applications are much broader than a simple PI replacement. 
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FLC of In-Line pH Neutralization 

Parekh et al. [11] report on FLC of an in-line pH neutral- 
ization process. The process is a pipe with acidic fluid flow- 
ing continuously through it. Caustic is continuously injected 
at two locations in the pipe. The pH is measured upstream, 
between, and downstream of the two injection points. The 
controller allocates a portion of the caustic to the first injec- 
tion and the remainder to the second injection attempting to 
have the end pH neutral. FL is used to convert observations 
about the two pH readings, and the secant slopes between 
them to determine the total caustic needed. 

This was not a FLC version of a velocity-mode PI 
approach. The pH observations provided qualitative infor- 
mation about the titration curve of the neutralization system. 
For example: Is it a strong acid or a weak acid? Is it concen- 
trated or dilute? The fuzzy understanding was used for con- 
trol action. The work was subsequently extended, patented, 
and commercially implemented. 

FL for Model Parameter Adjustment 

Dhir et al. [12] report on the use of FL to adjust parameter val- 
ues from a batch reaction model, on-line, in real time. Their 
application was a fed-batch hybridoma reactor in which bio- 
reactions were producing monoclonal antibodies. FLC action 
observed differences between model predictions and process 
measurements, and automated the human logic of adjusting 
model parameter values to make the model comply with the 
actual data. Again, this was not an application to feedback 
control to replace a PI controller. This was an automation of 
the human logic in a supervisory capacity. 

Although not reported in the literature, the author used 
FL to automate the weekly task of a process engineer to 
adjust calibration data from crude mass flow rate measure- 
ments of slurry input to a plant. The logic was based on 
observed differences between material balance deficits for 
several components and process streams. What took the 
human all Monday morning to complete was finished by the 
FLC automation in several minutes. 

Other Applications 

A database and internet search for FL applications will 
reveal bus scheduling, antilock brake systems, prediction of 
genetic traits, temperature control, transmission shifting con- 
trol, medical diagnosis, camera autofocus, automotive cruise 
control, elevator scheduling, dishwashers, air conditioners, 
perception, and control of the flow regime in two-phase fluid 
flow, weld analysis, pattern recognition in fault detection, 
waste treatment aeration control, language filters, traffic con- 
trol, autonomous vehicle control, control of a multitude of 
reaction systems, soft or inferential sensors, and many other 
applications [13-20]. 


CONCLUSIONS AND COMMENTS 

FL is well established as the control approach in electronic 
and mechanical devices and products. It is grounded in fun- 
damental analysis and has many successful demonstrations 
within the chemical industry. However, it might be more eas- 
ily accepted within the chemical industry if it went by another 
name, such as knowledge-based logic, or expert knowledge 
control, or heuristic control, or knowledge -based optimiza- 
tion, which does not connote “faulty thinking.” Many ven- 
dors use such alternate names for their FL products. 

FLC implements human rules for automation decisions, 
without advanced mathematics (such as Laplace transforms), 
and permitting nonlinear action. If you have applications in 
which IF-THEN conditionals automate the routine engineering 
and operator decisions or actions, then you are almost imple- 
menting FLC. Better than the normal use of IF-THEN condi- 
tionals, FLC permits smooth transitions between categories. 

FL provides a framework for standardization of how heu- 
ristic rules are implemented. Operators and engineers can 
understand the linguistic logic, and state the rules in natu- 
ral language. The recorded body of rules provides additional 
benefits in training and process understanding. FLC is simple 
to implement and document. Normally, process experience 
among operators and engineers is sufficient to develop a FLC 
application without performing either experimental process 
response testing or controller tuning explorations. FLC can 
integrate user-defined action for feedforward and constraint 
avoidance. 

However, FLC needs break points defined, perhaps aver- 
aging three for each process variable linguistic category 
transition, and one control action for each rule. If FLC is 
replacing PI control, then there are two process variables, 
actuating error and rate of change of error. If each has 4 lin- 
guistic categories, then there are 16 rules and about 30 break 
points, summing to about 45 user-required values. Gain- 
scheduled PI control over 4 regions needs 8 tuning values 
and 3 break points for a total of 11 values. The simplicity 
of gain-scheduled PI control, and the widespread familiarity 
with PI algorithms, might override the benefits of using FLC 
for feedback control. Most FLC vendors offer PI substitutes 
and software features that make it simple to set up improved 
control. But in my opinion, replacing PI in feedback control 
is not where FLC has its largest advantages. 

FLC should be considered as an automaton solution 
wherever engineers or operators observe, perceive, and take 
routine supervisory corrective action. If you are either per- 
sonally implementing or automating the implementation 
of heuristic rules, you have a potential application for FL. 
Identify where your people are routinely observing some- 
thing and taking corrective action, and consider automating 
that action with FL. Do they observe time-to-breakthrough 
on a carbon-bed absorber to adjust the absorb-to-steaming 
cycle period? Do they observe outlet composition on par- 
allel reactors to adjust feed rate between reactors? Do they 
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observe zero-crossing behavior of a controller to increase 
or decrease gain? Using the FLC structure will standardize 
the multiple applications of heuristic supervisory activities 
throughout your enterprise. 

Most products are structured to assist the replacement 
of PI control with FLC. Although it might be a convenient 
learning process, and although the nonlinear features may 
provide technical benefits, I think that the largest benefits are 
associated with automating the routine activities of engineers 
and operators. 

As with any automation approach, the control rules and 
the categorization of process variables in FLC reflect the 
knowledge of the creator, not necessarily the best logic and 
they may even integrate folklore. Because it works, it does 
not mean it represents a valid underlying understanding. 
Further, FLC reflects the process understanding at one time, 
which may need to be revised when the process equipment 
is changed or used under significantly different conditions. 
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